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1 Introduction

Between 1990 and 2002, the implicit forecast of the futures market was that the long-run
price of oil would be near $20 per barrel. The futures market failed to predict that the
developments at the start of the 21st century would radically change the outlook for oil
prices. Whereas many commentators have attributed the associated forecasts errors to
speculation or market inefficiency, this paper provides an explanation of the movements
in oil prices based on learning.

In the early 2000s, concerns about geopolitical unrest (especially in the Middle East),
strong income growth (especially in China and other emerging markets), and modest oil
production growth led to sharp upward movements in spot oil prices. The price of WTI
increased from $20 to $30 per barrel over the course of 2002. Initially, investors were
surprised by the persistence of the oil-price increases. Although spot prices soared, the
futures market price of oil delivered two years hence rose only modestly. The implicit
forecast was that the upward pressure on oil prices would only be transient. Moreover,
many official agencies, such as the Energy Information Agency in the United States,
shared the view that the run-up in oil prices would be temporary.

Although the increases in oil prices were first perceived as temporary, this outlook
did not last. Following a decade of continued predictions that oil prices would revert
back to a long-term trend, far-dated futures prices began to move one for one with the
spot price. By the middle of 2008, the futures curve was flat, with the spot price and the
far-dated price nearly equal and moving together.

Subsequently, both spot and futures oil prices have remained elevated but the tight
link between the spot price and the far-dated futures price has relaxed somewhat. For
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instance, the Great Recession drove down the spot price of oil much more than the farther-
dated futures. Likewise, the futures curve for Brent oil prices been sharply downward
sloping, with implicit predictions of over 10 percent decline over the next two years.

In this paper, we show that the developments in the oil futures markets over the
past 20 years are consistent with investors learning about whether underlying shocks
are transitory or permanent. We provide evidence using the Kalman filter to infer the
permanent and transitory components of shocks to spot oil prices, we show that this
form of learning can then explain remarkably well the observed behavior of futures prices.
Our simple framework accounts for the relatively slow increase in oil-price futures at the
beginning of the past decade and their unprecedented run-up between 2004 and 2008.
Even during the first half of 2008, a period during which oil prices reached historic highs,
the model predicts a level of futures prices that is in line with the data.

We also contrast our baseline result to that obtained under a constant-gain learning
process under which recent developments are weighted more heavily than earlier data.
We show that the fit of the model is significantly worse under constant-gain learning,
predicting much larger upward movements in futures prices during the 2003-2005 period
than those actually observed. Thus, our results indicate that participants in the oil
markets continued to place substantial weight on developments in the 1980s and early
1990s when forming their expectations of future oil prices.

We then examine the implication of learning for the efficiency of oil futures markets,
by estimating simple forecasting-efficiency regressions over different sample periods. Al-
though there is little indication of systematic forecast errors over the period from 1990 to
2012, our results indicate that futures prices were often a biased predictor of future spot
prices that during the previous decade. We show that the kind of mistakes made over
the past 10 years or so are consistent with market participants being surprised by the
persistence of movements in the spot price of oil and adjusting their prior of the relative
importance of temporary and permanent shocks.

Our work complements a growing literature interested in understanding these large
movements in the spot price of oil and its changing relationship with the futures mar-
ket. In particular, it relates to recent work on the role of financial markets in driving
oil prices.! For instance, Hamilton and Wu (2012)argue that increased participation by
index-fund investing has reduced the oil futures premia since 2005, accounting for the
smaller gap between spot and futures prices observed in the data between 2005 and 2008.
Similarly, recent work by Buyuksahin, Haigh, Harris, Overdahl, and Robe (2008)argue
that increased market activity by commodity swap dealers, hedge funds, and other fi-
nancial traders, has helped link crude oil futures prices at different maturities. As such,
these papers attribute the recent changes in the futures markets to the increased finan-
cialization of commodity markets, while we show that these movements can be largely
attributed to learning.

! This literature is large and growing. Some of the many papers discussing this issue include Singleton
(2012), Irwin and Scott (2012) and Fattouh, Kilian and Mahadeva (2012), Kilian and Murphy, Alquist
and Gervais (2012).



The rest of the paper is organized as follows. After describing in more detail de-
velopments in oil prices, we then layout our theoretical model. We then illustrate how
uncertainly about the persistence of a shocks alters the model’s responses relative to
the same model but where the agents know with certain the persistence of the shock.
Given this theoretical background, we then estimate a time series model of permanent
and temporary shocks to oil prices. Given our assumptions regarding learning and using
only spot price data, we estimate that the predicted permanent component of spot prices
matches very well the observed developments in futures markets. We then show that the
empirical evidence that has been interpreted as evidence of a time-varying risk premium
is also consistent with our learning-based explanation.

2 QOil Prices Over the Past Two Decades

In this section, we present evidence suggesting that participants in the oil market may
have been surprised by the degree of persistence of underlying shocks hitting the world
economy. We first examine the behavior of spot and futures oil prices over the past two
decades, before looking at forecasts from the U.S. Department of Energy.

Consider the movements in the spot and futures prices of oil since the early 1990s
that are depicted in Figure 1. During the last decade of the previous century, the spot
price of oil tended to gyrate around fairly steady oil-price futures, suggesting that market
participants view economic developments impacting the oil market as mainly temporary.
Underlying shocks would tend to move the spot price of oil, at times substantially, but
the spot price would tend to rapidly return to roughly $18 per barrel, the level of futures
prices for most of that period. Clearly, whatever the disturbances affecting the world
economy, market participants did not view them as persistent enough to alter their view
of oil prices in the future.

As shown in Figure 2, during the 2000-2005 period, the relationship between spot and
futures price changed compared to the 1990s. For most of that period, the spot price
of oil rose and remained well above futures prices. Oil-price futures remained initially
low, consistently fluctuating below $20 per barrel until 2003, before initiating a steady
rise that brought futures prices to roughly $50 per barrel by the mid-2000s. To us, this
pattern suggests that market participants initially thought that movements in spot prices
would likely be temporary, as indeed was the case throughout the 1990s. To be sure, the
large increases in the spot price of oil were matched by much more muted increases in
futures prices, between 2000 and 2003.

This clearly changed in 2004 when futures prices started a rapid and sustained rise
that converged to the level of spot prices within a year. Spot and futures prices then
tended to move in lockstep between 2005 and 2008. Our interpretation of these move-
ments is that after being consistently surprised by the persistence of the increases in spot
prices, market participants reassessed their views about the persistence of underlying
shocks, placing more weight towards more persistent or permanent developments.

The financial crisis of 2008-2009 and the following deep economic contraction around
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the world provide an interesting event to examine the plausibility of our interpretation.
The collapse in economic activity in the fall of 2008 sent the spot price of oil tumbling,
losing more than 50 percent of its value. However, the market perceived the extent of the
fall as likely temporary and, in contrast, oil-price futures declined much more moderately.
Since then, spot prices have risen to the level of futures prices, which has been relatively
constant at slightly more than $90 per barrel since 2010.

Figure 2 shows that our view of the developments in the oil market over the past two
decades is consistent with the paths of futures prices. This figure presents the expected
path of futures prices as of particular dates since 1990. It shows that for dates between
1990 and 2003, the paths were mostly downward sloping, with the slopes being more
pronounced during the 1990s. Moreover, these paths clearly indicate that the market
expected futures prices to remain reasonably constant in the medium run at around $18
per barrel.

As shown in Figure 2, this pattern dramatically changed around 2003. From then on,
the paths of oil price futures tend to be upward sloping, consistent with the view that
market participants view economic developments as having more persistent effects on oil
prices. We once again briefly observe downward sloping futures paths during 2008 and
also more recently.

3 Empirical framework

We develop a simple unobserved components model to illustrate the role of permanent
and temporary shocks in determining oil prices. To illustrate how the futures markets
may have learned about the relative importance of permanent and temporary shocks, we
present a simple time series model for oil prices. Although this model does not include
the cross-equation linkages that are implied by the DSGE model, this simpler model will
illustrate the paper’s main idea about learning without having to impose any counter-
factual cross equation restrictions.

Suppose that the price of oil p; (expressed in logs) is the following linear combination
of a permanent component e/’ and a temporary component €.

P T
Pt = € +€t

The permanent component is modeled as a random walk with drift.

ef =p+el+u
where v; is i.i.d. normal with variance 0123. The temporary component, is assumed to
be an AR(1) process
e = O 61 +&
where ¢ is 1.i.d normal with variance o2 and |¢,| < 1. This model corresponds to an
unobserved components model, which has been applied frequently in macroeconomics.



For a review, see Perron and Wada (2009). In addition Schwartz and Smith (2000) applied
this model to oil prices in the 1990s. Unlike the current paper, they did not consider the
possibility of structural change, which is not surprising given their data sample.

Under the assumption that the model is quarterly and given full information on the
temporary and permanent components, the equations for one-year ahead futures price
fi,4 and two-year ahead futures price f;,g are

foa = Epra=4p+ef +dre]
fis = Eps=8u+el + die;.

Absent full information on the current levels of e/’ and €], these futures will instead
be based on the best forecasts given the observed behavior of p;.

fia = Eipiya = Ey (4/~6 + €f + ﬁbi@ﬂ {pt—z‘}il:t)
fis = Eipuys=E (SM +ef + ¢le]| {Ptfi}il:t)
With a small value of 1 and moderate values of ¢, this model can imply the downward

sloping futures curve arising from a positive temporary shock. These futures can be
calculated using the Kalman filter, which we now discuss.

3.1 Discussion of the Kalman Filter

This model can be easily written in a form appropriate for the Kalman filter. The model
consists of the following parameters: the standard deviation of the shock to the temporary
component o, , and the standard deviation of the shock to the permanent component
o, and the persistence parameter of the temporary component ¢.. The Kalman filtering
equation relates how the observed variables y; (such as prices) respond to the changes in
the unobserved state vector &, which is comprised of the trend and the temporary and
permanent components.

The equations for the dynamics for the observed variables y; are given by the following
system

& = F& 4 +¢
ye = HE,

Given an initial estimate of £, _; and Fy; 1, [the mean squared error matrix equation
13.2.6 in Hamilton (1994) | we can use Hamilton’s updating equation [13.2.23 page 381]

0 = Epr + Popr H(H' Py H) ™ (py — H'Eyp ) (1)
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The news is the value of Py H(H' Py—1H) ™ (g — Hlfﬂt—l)- One uses the forecast
error (yt — H' ft‘t,l) to update their estimates of the size of the permanent and transitory
component. The value of Py, governs the extent to which a given surprise is assumed
to be part of the permanent component relative to the transitory component. The values
of 02 and o2 play a large role in determining whether an observed spot price increase is
interpreted as permanent. If a one percent increase in spot price increase is interpreted as
transitory, then E; (pt+k| {pt_i};:t) only increases by ¢*. In contrast, if the same increase
is interpreted as permanent, then the value of E; (pt+k| {pt_i}il:t) increases by the same
amount. If a shock is actually permanent but mistaken for temporary, then the value of
E; (pes| {ptfi};:t) (and hence the futures price) will include this error.

3.2 Estimation of the Model Parameters.

If the model parameters were known with certainty than learning about F; (pt| {pt,i};: t)
would be a simple application of Equation 1. However, if instead we assume that the
model’s structure is known but not its parameters values, then these parameter values
must be estimated given lagged observed data. {pt_i}::t

The standard approach would be to assume that the model parameters are constant
and therefore are estimated using the standard likelihood function.

T

1
LLy ==Y (5 In 27 + 0.51og ||Vi|| + (p: — Ep) V2 (pr — Ept)) (2)

t=1

where V; = H'P,;_1 H the variance of the prediction errors.

An alternative approach is to suppose that estimation is concerned with time-variation
in the model parameters. The estimation procedure puts more weight on recent obser-
vations. In the learning literature, this approach is referred to as constant gain learning.
For an example, see the recursive least squares algorithm in Cho, Williams and Sargent
(2002). In the spirit of this work, we modify the likelihood function as follows.

1 —1
pr— _— _ _ —_— . PR— t J—
LLy=(1—xp)LLyr—1 — xp <2 In 27 + 0.5log || Fy|| + (pr — Epe) Vit (s Ept)> (3)

If x, = % then all observations have the same weight, equivalent to the standard
likelihood function described above. In contrast if x, is a constant, then recent obser-
vations are more important than lagged observations. In particular, for a dataset of T’
observations, the first observation contributes

[Ta-x)x

=1

~

whereas the most recent observation (observed at time 7) has a much greater weight of

Xr-



3.3 Owur Three Step Procedure

In order to estimate the value of
FEi (8M +ef + drey| {pt—i}z;:t , Ft—l)

we apply the following three-step procedure. In the first step, we use prices observed
up to time t-1 (the previous quarter) and estimate model parameters I';,_; using the
standard likelihood function.

The second step is to apply the Kalman filter using these estimated model parameters
and observed prices through time t (ie the current quarter) to get ¢/ and e]. The third
step uses these estimated e} and e] and T', to construct f;, k

Our three step procedure is likely not optimal. Instead, we should use nonlinear
methods (such as a particle filter) to address the problem of learning about I" and e} and
e jointly. However, our procedure has the benefits of simplicity and clarity.

3.3.1 Variance Contribution.

As a simple statistic to measure the importance of permanent shocks, we note that the
equation for Ap; is the following

Ap; = (ef+e§) - (ef_l—l-ez_l)
= ptel (¢, —1ef +¢f

Therefore, we have that the variance of Ap; can be expressed as

(1 — ¢T)2 2
e

As such the fraction of the growth rates’ variance that is due to permanent shocks
can be calculated as

var (Ap) = af, + 02 +

2
UP

2 2 L (1=¢.)% o
o, oz + g, 071

4 Empirical Results

In this section, we will estimate our model using the average monthly price at the end of
each quarter for the spot price of WTT oil. We will reserve the futures prices to test our
specification. In particular, we will study whether the model-implied futures estimates
Epi s match the two-year ahead futures price observed on the business day closest to
one week following the end of the quarter. We use this timing so that our price forecast
would be consistent with the information available when the actual futures price was
observed.



As described above, the first step is to estimate I'; where
Li={np ¢ ol o }.

Figure 3 reports the estimated value of I'; that maximize the standard log likelihood
function using a recursively constructed sample. The solid black lines report the esti-
mated coefficients. The grey intervals are 2 standard-deviation confidence intervals. The
results are in line with the narratives for Figures 1 and 2. The top left panel of Figure
3 reports the value of p. Using just the pre-2000 part of the sample, the value of p is
slightly below zero, which implies a negative trend for the nominal price. However, as
the estimation sample includes more of the twenty-first century, the estimated trend first
turns positive and then begins to increase. The maximum value of the trend is 0.018,
which is estimated for a sample that ends in the second quarter of 2008. Along with
spot oil prices, the estimated trend then declines and stabilizes around 0.013 or at an
annual rate of just over 5 percent per year. In contrast to u, the value of ¢ (the tempo-
rary component’s AR parameter) is relatively much more stable. The value of ¢ is first
estimated at 0.63. Its estimated value peaks at 0.78 and then declines to 0.68. Even
for a large value of ¢, the value of Eip;s is not strongly affected by a change in the
temporary component. Since ¢, is less than one, it decays quite quickly. In particular, a
one percent increase in the temporary component results in the value of E;p,,g increasing
by only 0.13 (¢2) percent. The bottom panels of Figure 3 report the estimation results
for o, and o,. These estimated coefficients do vary as the sample included in the MLE
estimation changes. In particular, the estimated value of o, is zero for the initial sample.
However, for the sample ending in the second quarter of 2008, the estimated value of o,
peaks at 0.118, and then declines as additional observations are added to the sample,
with the final value being 0.089. The estimated value of o, follows the opposite pattern.
It begins high, starting at 0.163 and then declines to 0.107 by 2008 and then increases
back to 0.149.

The evolution of these model parameters can also be viewed by considering the role
of permanent shocks in affecting the variance of Ap,;, which is reported in Figure 4. As
indicated by the black line, the estimated contribution of permanent shocks only slowly
increases over time. In the early part of the sample, because the standard deviation of
innovations to the permanent component is extremely small, the permanent component’s
contribution to the var(Ap;) is negligible. Therefore, although the temporary component
does not strongly affect the futures price, in the end-of-2001 sample, the temporary
component is the main driver of changes in the spot price. These results are very much in
line with Figure 1, where the futures curves show transitory increases and prices returning
to a long-term trend. The estimated contribution of permanent shocks actually peaks
at 40 percent in the second quarter of 2008 along with spot oil prices. The sharp fall in
oil prices in the last half of 2008 resulted in a somewhat lower estimates of the role of
permanent shocks.

Our next exercise is to determine what would be the values of the two-year (eight
quarter) futures prices f;,s that a contemporaneous econometrician would estimate using
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the Kalman filtering formula Equation 1 with the estimated value of T';_;.

Figure 5 illustrates the evolution of the futures prices. Comparing the actual futures
prices (the thick black line) with the estimated value of Ej (pys| {pt_i}}:t,f‘t_l) (the
purple dots) is highly instructive. The estimated values of E;p;,s matches very well the
actual futures prices. Most of the time the futures price and the estimated value of
E, (pHg\ {ptﬂ:};:t , Ft,l) matches very closely.? In the early 2000s, actual futures prices
are well below the observed spot prices (the orange line). However, both the actual futures
prices and the estimated values of E;p;.s move together and by mid-2008 are very close
to the spot prices. The speed of learning in the futures market could be said to be
equivalent or perhaps, given the slight discrepancies in 2005 and 2006, even faster than
the learning in our time-series model. Although the learning appeared to be somewhat
faster than the MLE estimates, the futures market did not become excessively responsive
to recent price increases. Thereafter the spot price declines much more than either the
actual futures prices or the value of F; (p;ys). At the end of the sample, E; (p;ig) is
somewhat above the value of the actual futures curve. It is suggestive that the estimated
trend ji may be larger than the trend embodied in the actual futures prices.

Figure 6 illustrates the importance of time variation of I';_;. This Figure replicates
from Figure 6, the time series of spot prices, futures prices, and expected future prices
By (prys] {pt_i}gzt,f‘t_l). In addition, Figure 6 reports the expected futures prices
E, (pt+8| {pt—i};:t , F2002Q4) (the light blue dots) where current spot prices are used in the
Kalman filtering exercise; but, where the model coefficients are fixed at the estimated
values at the end of 2002 ( I'sgp204). Using fixed parameter values, the Kalman filter
generates a much smaller increase in the expected spot price. In particular, the value of
E; (pt+8| {pt—i}gzt ) F2002Q4) for t=2008Q2 only reaches $76 per barrel in 2008 when the
spot price is $135 per barrel. In contrast, given the same data but using the estimated
coefficients for a sample that ends through 2008Q1, the value of F; (pt+8| {pt,i}izt , Ft,l)
is estimated at nearly $130 per barrel.

4.1 Constant Gain MLE Results

Given the importance of time variation, our next exercise is to consider whether there
exists a value of x, such that the weighted maximum likelihood estimation results in a
better match of the observed futures prices. As shown in Figure 6, the value of y, that
best matches the 2-year ahead futures path is 0.015. Using such a weight, an observation
11 years in the past gets only half as much weight in the likelihood as today’s observation.

2The grey bands indicate the confidence interval which is defined as the following set

{Et (pms\ {ptfi};:t ,ftq) \ (th - f‘tfl)/ W (L) (thl - f‘tq) < 4-5}

where I';_; is the mle estimate and W (I';_1) is the corresponding estimated variance covariance matrix.
The critical value of 4.5 is chosen as the 66 percentile of the chi-squared distribution with 4 degrees of
freedom.



In contrast, a larger value of x, pushes up the value of E; (p;1s) dramatically. When
X7 equals 0.03, then we have that an observation 11 years in the past gets only get 25
percent of the weight of today’s observation. Large values of x; result in a much higher
oil price forecast. Ex post, such a forecast would have been more accurate in the sample
through early 2008. Thereafter, the forecast is too aggressive and is too high relative to
realized prices. The constant-gain forecast of $180 per barrel in the spring of 2008 would
have resulted in some very costly bets, given that prices have remained well below that
value.

The importance of x, in influencing the model parameters is seen in Figure 7. The
Figure repeats the mle estimates from Figure 3. In addition. the Figure reports the
estimated coefficients for the cases when x, equals 0.015 and when x, equals 0.03. The
main effect of increasing x, is to result in higher estimates of the trend. In addition,
as shown in Figure 8, the role of permanent shocks does increase when the model is
estimated with a constant gain likelihood function.

To summarize the results so far, we have shown that a very simple learning model
can readily match the observed patterns in the futures market. Even though the model
is estimated using only spot price data, the model matches well two-year ahead futures
prices. This ability to match observed outcomes suggests that the short-comings of the
futures markets can be attributed to information processing challenges rather than to
market inefficiency or to the influx of speculators generating a risk premium. The
next section explores the evidence for a risk premium and highlights that the empirical
evidence in favor of a risk premium can just as well be taken as evidence for our model.

4.2 Risk Premium

In contrast to our emphasis on learning, the alternative approach in discussing shortcom-
ings of the futures markets is to emphasis a role for the risk premium. A risk premium
would imply that the futures price does not equal the expected spot price in order to
compensate market participants for participating in the futures market. The futures
price is
Jerw = Ej (pt+k| {yt—i};t ) F) + @,
where ®; is the compensation required to balance demand and supply in the futures
market.
One way to test for a risk premium is the classic forecast efficiency regression.

Prrk — Do =+ B (for — pt) + Uik (4)
The estimated value of 8 can be show to equal (asymptotically)

_ var (Bt — Pr) cov(Epy i — pr, D4) cov (Ui, Erprrr — pr + 1)
= + +
var (Eypiyr — pr + @) var(Etka — P+ q)t) UC”“(Etka — P+ q’t)

or else
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COU(CI)ta fi — pt)

A

and the value of a

a=(1-0)E(pur —p) — BED,

Under the null hypothesis of no risk premium. [ equals one and « equals zero. Of
course, alternative empirical strategies for testing the risk premium exist. In particular,
Hamilton and Wu (2012) apply a minimum chi-squared estimation strategy to their
structural model to estimate a risk premium. However, as we make clear below, our
results are very similar in spirit to those reported in Hamilton and Wu.

4.2.1 Empirical Results

We estimate equation 4 using NYMEX futures data, with the spot price being measured
as the front-month futures value on the business day closest to the 15th of each month.
The standard errors are constructed to correct for heteroskedasticity and serial correla-
tion. For the full sample, the point estimates are a equals 0.09 and 5 equals 0.9. As
reported in Table 1, over the full sample, one would fail to reject the null hypothesis of
no risk premium.

Although the full-sample results do not provide evidence in favor of a risk premium,
many papers in the literature have reported time variation in the evidence of the risk
premium. In particular, Hamilton and Wu (2012) report that the compensation to the
long position is smaller on average; but, more volatile in the recent data since 2005
relative to the earlier period of between 1990 and the end of 2004. Although they find a
strong evidence of a break between the two samples, they do not formally determine the
date of the breakpoint.

Because Hamilton and Wu’s results are for futures contracts with shorter horizons,
their results are not directly comparable with our own. However, we also find a large
degree of time variation in the estimated coefficients. Figure 9 reports the recursive
sample estimation of 5. These results are suggestive of time variation. However, even
more time variation can be found by breaking up the data into subsamples. We report
results for three subsamples: the Early Sample (1990-2002), the Middle Sample (2003-
2007), and the Late Sample (2008-2012). These samples are chosen to highlight the
degree of variation in the estimated coefficients.

As reported in Table 1, for the Early Sample of 1990-2002, the point estimates of the
intercept and slope are even closer to zero and one respectively, which strongly suggests
no risk premium before 2002.3 In contrast, for the Middle Sample (2003-2007), we would

3The reported end point in these split samples is the date of the last evaluated forecast; so in the
Early Sample 1990-2002, the last value of the dependent variable is the difference between the December
2002 futures contract observed on November 15 2002 and the December 2001 futures contract observed
on November 15 2001.
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strongly reject the null hypothesis of no risk premium, with an estimate of 5 of -0.14.
Finally, for the Late Sample, the estimated 3 is 2.89.

The extreme estimates for 3 for the Middle and Late Sample might seem challenging
to explain. One could dismiss them as reflecting just sampling uncertainty and, in fact, a
combined sample finds a more reasonable estimate of 3 equal to 0.63. However, assuming
that these values are comparable to their population values, a negative § would require
that the cov(Epiix — pi, ;) be negative. When equation 4 is estimated with exchange
rates rather than oil prices, negative (3 are very common (see Engel 1996 for a survey). As
such, one might try to apply theories developed there to explain these results (for example
see Burnside Eichenbaum and Rebelo 2009). In contrast, the greater than one estimates
for the Late Sample are not frequently observed in other empirical literatures. Hence
explanations for this result due to risk premium would be more challenging. Although
we would reject the null hypothesis of 5 equals to one in the Late sample and hence reject
the null hypothesis of no risk premium, an estimate of 3 of 2.89 would be challenging
to reconcile with the standard risk premium story. As we explain below, although these
results are challenging to attribute to a risk premium, we can explain these results using
our learning model.

Table 1: Estimated Forecast Efficiency Coefficients

Constant Slope T-tests Wald Test*

a 6] a=0 =0 =1 [a=0,=1]
Full Sample (1990-2012) 0.09 0.90 1.88 3.39  -0.40 3.68
Early Sample (1990-2002) 0.07 0.98 1.02 292 -0.05 1.54
Middle Sample (2003-2007) 0.19 -0.14 3.16 -0.27  -2.37 43.19
Late Sample (2008-2012) -0.12 2.89 -0.99 4.49 2.93 10.55
(2003-2012) 0.13 0.63 1.64 1.24  -0.72 2.75

Notes: Regression results for Monthly data, Newey-West Standard Errors, d Test
*Critical Value for Wald Test is 5.99

4.2.2 Reconciling with Learning

Although the results for the late sample would be difficult to reconcile with a risk-
premium based explanation, the estimated coefficients for both the Late Sample and the
earlier samples can be reconciled with our learning story. First, we note that the equation
for the estimated 3 in the forecast efficiency regression is

cov(Epyr — [ fr — pt)
var(fy — p)

B=1+

In a learning story R
Epir — fi = Et(pt+k’F) - Et(thrk’F)
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is the error you make when you form your expectations using the wrong parameter values.
As such, this is how we reconcile the forecast efficiency regression results with the learning
story.

As we emphasized above, our learning story has three episodes. In the first, agents
correctly estimate the variance of permanent shocks relative to the realized data. In the
second, agents underestimate the variance of permanent shocks relative to the realized
data. In the third, agents over-estimated the variance of permanent shocks relative to
the realized data. As we will now show, this story is consistent with the results reported
in Table B.

To illustrate this consistency, we construct three simulation-based scenarios. First,
we simulate spot prices using our unobserved component model as the data generating
process combined with our full-sample estimates of u, ¢, 0, and o.. Using the simulated
data, we apply the standard Kalman filter updating equation to estimate the implied
value of fF. However, we will apply the updating equation in three different scenarios.

The first scenario matches our story about the early sample (1990-2002) that agents
during that time period had accurate estimates of the model’s parameters. In the first
scenario, the futures price is constructed using the dgp’s values of p, ¢, 0, and o.. The
second scenario matches our view of the Middle Sample (2003-2007) that market partic-
ipants had underestimated the variance of the permanent shock. In the second scenario,
we use the dgp’s values of 1 and ¢. But set 6. = 0. + 0.04 and 6, = 0, — 0.04. In the
scenario, agents will perceive increases in prices as more likely due to temporary shocks
than to permanent shocks.

In the third scenarios, we match what we think happened during the late sample,
where agents overestimated the permanent shock. The agents are assumed to construct
futures prices using the dgp’s values of ;1 and ¢. But set 6. = 0.—0.04 and 6, = 0,,+0.04

For each scenario calculate

ftk =F (pt+k)

and then estimate the risk premium regression equation 4. Table 2 reports the esti-
mated values of § for the three different scenarios.

Table 2 Estimated ,under different scenarios.
Scenario Mean (3

True o, 1.0

Underestimated o, 0.65

Overestimated o,  1.92

These simulation-based results are very much in line with our empirical results that
are reported in Table 2. When the futures are constructed knowing the true parameters,
the estimated value of (3 is close to one. When the standard deviation of permanent shock
is underestimated, then shocks are more likely to be interpreted as temporary shocks. To
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get a good estimate of the predicted price change, one would need to underweight f; — p;
and hence the estimated value of 3 is well below one. Likewise when ¢, is overestimated,
all shocks are interpreted as permanent shocks. To get a good estimate of the predicted
price change, one would need to overweight f; — p; and hence the estimated value of [ is
nearly two. Although the reported results in Table 2 did not achieve the extreme values
reported in Table 1, even greater divergences between the true o, and &, will result in
more extreme values of 3.

5 Conclusions

The futures market failed to predict that the developments at the start of the 21st
century would radically change the outlook for oil prices. Whereas many commentators
have attributed the associated forecasts errors to speculation or market inefficiency, this
paper provides an empirical and a theoretical explanation of the movements in oil prices
based on learning. Using this approach, we can match well the observed pattern of the
futures market.
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Figure 1

WTI Spot and Futures Prices
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Figure 2

WTI Spot and Futures Prices
2002 - 2012
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*Futures path as of first business day at 6-month intervals. The color of the futures paths is for clarity only.
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Figure 3: Recursive Estimates of Structural Parameters
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Figure 4: Futures Prices and Expected Futures Prices
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Figure 5: The Importance of time-varying I'
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Figure 6: Expected Futures Prices for Constant Gain MLE
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Figure 7: Coefficient Estimates for Constant Gain MLE
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Figure 8: Variance Contribution to Ap; For Constant Gain MLE
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Figure 9: Recursive Estimates of 5.
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